Atoms and molecules are important conceptual entities we invented to understand the physical world around us. The key to their usefulness lies in the organization of nuclear and electronic degrees of freedom into a single dynamical variable whose time evolution we can better imagine. The use of such effective variables in place of the true microscopic variables is possible because of the separation between nuclear time scales (very fast), electronic time scales (fast), atomic time scales (slow), and molecular time scales (slower still). Where separation of time scales occurs, identification of analogous objects in complex systems -an example of which is the financial market -can help advance our understanding of their dynamics. To detect separated time scales and identify their associated effective degrees of freedom in financial markets, we devised a twostage statistical clustering scheme to analyze the price movements of stocks in several equity markets. The price movements are first clustered at a short time scale, and thereafter, re-clustered based on separated correlation levels that become evident when these short-time correlations are examined over a longer time scale. Through this two-time-scale clustering analysis, we discovered a hierarchy of levels of self-organization in real financial markets, whereby lower level, rapidly-evolving dynamical structures are nested within higher level, slowlyevolving dynamical structures, which are themselves nested within even higher level, even more slowly-evolving dynamical structures. We call these self-organized dynamical structures (which are statistically robust) financial atoms, financial molecules, and financial supermolecules. While many financial atoms have compositions that on hindsight appear trivial or easy to guess, there are also those whose composition are genuine surprises. With larger and better-regulated markets, the component stocks of financial molecules and financial supermolecules all fall within a single market sector, or several very closely-related market sectors. In markets with extensive cross ownership, or dominated by huge multi-industry holding companies, financial molecules and financial supermolecules straddling many distant market sectors were found. In general, the detailed compositions of these dynamical structures cannot be deduced based on raw financial intuition alone, and must be explained in terms of the underlying portfolios, and investment strategies of market players. More interestingly, we find that major market events such as the Chinese Correction and the Subprime Crisis leave many tell-tale signs within the correlational structures of financial molecules.
I. INTRODUCTION
Predicting the movement of prices in financial markets is an important problem, more so in the light of the global financial crisis we find ourselves in right now. If we have the means to detect market undercurrents that do not have clear signatures on the surface, we might be able to steer clear of trouble, and perhaps even defuse financial landmines before things get out of hand. However, there are at present no reliable schemes for short-or long-term predictions, despite the fact that past information on all financial instruments are wholly available [1] . This stands in stark contrast to our ability to predict solar and lunar eclipses to very high precision, starting from Newton's Laws of Motion, and much less voluminous initial data. We believe this is due to the fact that financial markets are complex systems, whose dynamics follow self-organizing principles we do not yet understand. Clearly, an important first step towards writing down any predictive models of financial mar-In the physical sciences, we talk about atoms and molecules as if they are real entities. Quantum-mechanically, all atomic and molecular systems must be described by a single manybody wave function Ψ(r 1 , . . . , r N , t) whose dynamics is governed by the Schrödinger equation i (∂Ψ/∂t) = HΨ. If we admit that the wave function Ψ(r 1 , . . . , r N , t) furnishes a sufficient description of the problem, then atoms have no real existence inside a molecule, and molecules have no real existence within an interacting collection of molecules. Nevertheless, it is very useful to continue speaking of them, because they simplify our mental models of the processes that take place within the collection of nucleons and electrons. This is admissible, and in fact physically meaningful, because the dynamical structures that atoms and molecules participate in evolve over time scales significantly longer than the intrinsic time scales set by nuclear and electronic motion, i.e. there is a separation between nuclear/electronic time scales and atomic/molecular time scales.
To better illustrate how our association of certain collections of nuclear and electronic degrees of freedom with atoms, and other collections of nuclear and electronic degrees of freedom with molecules arise naturally from this separation of time scales, let us imagine a universe containing a single water molecule 1 H 2 16 O, consisting of ten protons, eight neutrons, and ten electrons. Under ordinary conditions, the 16 O nucleons and the two 1 H protons are always very well separated spatially, so in principle we have no problem telling them apart. For the ten indistinguishable electrons, however, we cannot simply assign eight labeled electrons to 16 O, and one labeled electron each to the two 1 H. Nevertheless, if we make a movie of the time evolution of electronic densities within the water molecule, we will find an electronic distribution close to 16 O nucleus that evolves pretty much independently of the electronic distributions between the 16 O nucleus and 1 H nuclei. We think of the former as the density of 16 O core electrons, and the latter as the density of the bonding electrons. Unlike the 16 O core electrons, the bonding electrons cannot be associated with either the 16 O atom or the 1 H atom alone. Instead, they must be associated with the two chemical bonds -another conceptual tool we invent to help us understand the nature of stable bound states between atomic species -in the water molecule. Now let us imagine actually producing such a movie, through direct integration of the time-dependent Schrödinger equation for the water molecule. If we assume that the nucleons are static, we can solve this problem in the basis of all possible 10-electron configurations. Some of these configurations will contribute predominantly to the core density, while others will contribute predominantly to the bond density. Because of the nucleon-electron and electron-electron Coulomb interactions, the quantum-mechanical amplitudes of these configurations will evolve with time, sometimes rapidly, and sometimes slowly. As a result of these variable rates of time evolution, if we examine the configurations contributing predominantly to the 16 O core electronic density, over a time interval that is on the order of the electronic time scale, we might find their amplitudes to be sometimes correlated, and sometimes uncorrelated. In fact, over electronic time scales, some core electronic amplitudes might even be more correlated with bonding electronic amplitudes than with other core electronic amplitudes. Nevertheless, based on our intuitive picture of distinguishable core and bonding electronic densities, and the separation of electronic and atomic/molecular time scales, we expect the long-run averages of core-core short-time correlations, as well as the long-run averages of bond-bond short-time correlations, to tend towards some nonzero values, while the long-run averages of core-bonding correlations tend towards zero.
B. Atoms and Molecules as Robust Dynamical Structures
The understanding that emerges from this dynamical picture is that core and bond amplitudes should not be treated as objects with immutable labels. Instead, they ought to be identified as clusters emerging from a statistical learning procedure, where we repeatedly calculate correlations at the electronic time scale (the short time scale), and examine how the patterns of short-time correlations look like over a much longer duration (the long time scale). Given a collection of unlabeled time-dependent amplitudes, we can always make use of this procedure of statistical clustering at two different (separated) time scales to discover the compound objects, things that we would go on to call atoms and molecules. More generally, if we are given a large number of time-dependent variables, determining how short-time correlations are themselves correlated over longer times would allow us to determine which sets of variables are strongly correlated over long time scales. These strongly-correlated set of variables then serve as good candidates for effective degrees of freedom at the long time scale.
Ultimately, for dynamical features as robust as the core electronic densities and the bonding electronic densities, we expect their statistical signatures to be generally insensitive to specific choices of the short and long time scales, so long as the short time scale is comparable to electronic time scales, and the long time scale is comparable to the atomic/molecular time scale. In addition, it should not matter what short-time correlations we evaluate, and what long-time correlations of these we further determine. For some choices of short-time correlations, statistical signatures of the core and bond clusters of amplitudes might emerge fairly quickly during the long-time clustering. For other choices of short-time correlations, we might have to cluster over a longer time to detect these statistical signatures. Recast as a learning problem, the extraction of robust, and therefore physically meaningful, dynamical features boils down to a simple problem of statistics and statistical significance. The simplest scheme that implements the two-time-scale statistical clustering procedure outlined above is based on the sign of the rate of change, as shown in Figure 1 . In this scheme, two scalar variables x i and x j are correlated over a short-time window if they are both increasing or decreasing. Otherwise, the two variables are considered to be uncorrelated. Over the long time scale, we define their long-time correlation C(i, j) to be the number of times they are correlated with each other at short time scales. These pairwise correlations can be organized into a long-time correlation matrix C, which is the starting point for our identification of strongly-correlated compound objects.
II. DATA AND RESULTS
Armed with this understanding, we analyzed five financial markets, the New York Stock Exchange (NYSE), the London Stock Exchange (LSE), the Tokyo Stock Exchange (TSE), the Hong Kong Stock Exchange (HKSE), and the Singapore Stock Exchange (SGX) over a two-year period from January 2006 to December 2007 (see Table I ). These markets are chosen specifically for contrast: the NYSE, LSE, and TSE are mature markets in G7 countries, whereas the HKSE and SGX are emerging markets. Presumably, the dynamics in emerg- In the top panel, the time series of N variables are examined within a long-time window, which consists of a large number of short-time windows. In short-time window t, variable i is assigned to the '+' cluster if ∆x i (t) = x i (t + 1) − x i (t) > 0, and to the '−' cluster if ∆x i (t) = x i (t + 1) − x i (t) < 0, as shown in the middle panel. In the bottom panel, we compute long-time correlation matrix C, such that C(i, j) is the number of times variables i and j are assigned to the same short-time cluster.
ing markets should be different from that in mature markets, and thus one might naively expect structurally different selforganizations in these two classes of markets. To keep the datasets manageable, we restricted our analysis to only stocks and stock related securities. Since stocks are important components in any financial market, we believe their dynamics alone would offer us valuable insights into the inner workings of the financial world. 
A. Financial Atoms and Atomic Correlation Levels
For each financial market, we looked at the daily price movements {∆p 1 (t), ∆p 2 (t), . . . , ∆p i (t), . . . , ∆p N (t)} of the N stocks making up the market. Here, ∆p i (t) = p i (t + 1) − p i (t), and p i (t) is the price of stock i on day t. For this choice of data frequency, we have effectively selected a short time scale of one day. Our long time scale, chosen to ensure statistical significance [3] , is the two-year observation period, consisting of 500+ short time windows. It is useful to keep in mind that for all financial markets, there is a microscopic time scale set by the average trading interval, which can be anywhere between 10
−2 s to 10 1 s. Following the two-time-scale clustering procedure outlined above, we assign stocks i and j to the same short-time cluster at time t, if ∆p i (t) and ∆p j (t) are of the same sign. A stock k whose price does not change from day t to day t + 1, i.e. ∆p k (t) = 0, is left unassigned. In the long-time correlation matrix C that emerges from this procedure, we find a background correlation level c 0 reflecting market-level drifts, experienced by all stock prices, that results from rallies and crashes. This background correlation level c 0 varies from market to market. In general, the larger c 0 is, the more liquid the market.
To get a rough sense of the dynamical structures having long-time correlations over and above market-level drifts, we zero matrix elements in C below a threshold c > c 0 . As c is raised, we go from a dense matrix, telling us that each stock is correlated with a large number of stocks (though not equally strongly), to a sparse matrix, telling us that each stock is correlated only with very few other stocks (but very strongly so). Just as surfaces of high constant electronic density frequently reveal the atomic constituents of a molecule, very large matrix elements in C reveal the atomic constituents of the given financial market. We call these small clusters of very strongly correlated stocks financial atoms. The correlation levels within financial atoms rise significantly above the back-ground level c 0 , because the dynamics of atomic stocks are coherent over time scales much longer than the average trading interval, which plays the role of the 'nuclear/electronic' time scale. The existence of such financial atoms is evident from earlier studies [4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21] , where they are referred to as synchronized clusters. However, the separation of 'nuclear/electronic' and atomic time scales was not recognized. The potential of using financial atoms as effective variables to describe real financial markets is also not widely appreciated.
To properly identify these financial atoms in a given market, we need to be careful: just as core electronic densities are different for different atoms, we suspect the correlation levels may also be different for different financial atoms. This suggests the need for multiple thresholds, instead of a single threshold c, if we use agglomerative hierarchical clustering to discover the financial atoms. In order for the association between clusters in the hierarchical clustering tree and atomic/molecular components in the financial market to be statistically robust, we require the clusters to be insensitive to variations in the individual thresholds. To accomplish this, one can imagine a sophisticated algorithm starting out with a large number of thresholds, which are progressively merged as they are slowly raised, based on how sensitive the clusters are to these thresholds. Such an algorithm, however, is difficult to implement, and thus we adopt a simpler approach, where we start from a seed cluster, i.e. a core set of two very-stronglycorrelated stocks, and grow the hierarchical cluster outwards. We call this procedure partial hierarchical clustering, and the sequence of correlation levels at which new members are admitted into the growing cluster its partial hierarchical clustering history. Figure 2 shows the typical partial hierarchical clustering histories obtained using different linkage algorithms. With all linkage algorithms, the statistical signature to look out for is a sharp change in slope of the correlation level as a function of cluster size. This can take the form of sharp spikes, sharp drops, or simply kinks. These statistical signatures have different interpretations for the different linkage algorithms. We pick the complete link algorithm for our analysis proper, because the sharp drops and kinks in the correlation level can be most naturally interpreted as cluster boundaries. Compared to the statistical signatures used by most existing statistical learning algorithms [22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42] , we believe ours is more intuitive.
Since the total number of financial atoms in a given market is not known, we discover them iteratively as follows. First, let us use C (0) = C to denote our long-time correlation matrix, and find the maximum matrix element,
2 } as our first seed cluster for complete-link partial hierarchical clustering, we look for the sharpest change in the slope of the correlation level as a function of cluster size, which marks the 'boundary' of the first candidate financial atom {i Figure 3) . To find the second financial atom, we zero the {i independently of constituents of the first candidate financial atom. We call this modified correlation matrix
), and use {i
2 } as our second seed cluster for complete-link partial hierarchical clustering. From the sharpest change in the slope of the correlation level, we identify the second candidate financial atom {i
n(2) }, and proceed to zero the {i
n(2) } rows and columns of C
(1) to get C (2) . This iterative procedure mimics a full hierarchical clustering having different thresholds, which we can use to find as many candidate financial atoms as we like.
For a candidate to qualify as a true financial atom, the constituent atomic stocks must be more strongly correlated with each other than they are with stocks outside of the financial atom. This 'self-consistency' criterion defines an upper atomic correlation level, and if we are to adhere to this 'self-consistency' criterion strictly, only clusters of stocks with maximum long-time correlation rising above the upper atomic correlation level can be considered to have dynamically self-organized into strong financial atoms. This criterion is somewhat restrictive, so we looked for an alternative criterion compatible with the self-organization observed. Inspecting the various partial hierarchical clustering histories of the most strongly-correlated seed clusters, we find the correlation levels at which the first non-atomic stock was admitted into the growing clusters to be tightly clustered around a small number of lower atomic correlation levels. We can therefore define weak financial atoms to be those candidate financial atoms whose maximum correlations are greater than the average of the lower atomic correlation levels. In Table II , we show the upper atom correlation level, the average lower atomic correlation level, and the number of financial atoms based on the two criterions, in each of the five financial markets. The compositions of strong financial atoms found in the five equity markets are shown in Appendix A. In all markets, we find small financial atoms comprising on the order of 10 stocks. In all markets except for the TSE, we find trivial financial atoms consisting of different stocks issued by the same company, e.g. VIA.A and VIA.B (both offered by Viacom) in the NYSE, SDR and SDRt (both offered by Schroders plc) in the LSE, 0019 and 0087 (both offered by Swire Pacific) in the HKSE, and Singtel, Singtel 10, and Singtel 100 (all offered by Singtel) in the SGX. In the NYSE, LSE and TSE, the constituent stocks of nearly all strong financial atoms fall cleanly into the respective market sectors. In the LSE, the exception is financial atom 12, which consists of mostly insurance stocks (Aviva, Prudential, Legal and General Group, Friends Provident), but also contain one bank stock (Standard Chartered), and one investment trust stock (Foreign The number of strong and weak financial atoms discovered in the five equity markets. Also shown are the upper atomic correlation levels, the average lower atomic correlation levels, and the average molecular correlation levels for the five equity markets, out of a maximum possible value of 522 over the two-year observation period. The maximum intra-cluster correlation of a cluster must exceed the upper (lower) atomic correlation level for it to qualify as a strong (weak) & Colonial Investment Trust). In the TSE, the exception is financial atom 9, which consists of real estate stocks (Tokyo Tatemono Co, Urban, Creed Co, Pacific Holding Inc), apart from Kenedix Inc, which is classified as belonging to the Services market sector. However, Kenedix Inc's four business segments are all related to the real estate market.
In the HKSE and SGX, on the other hand, we find a significant proportion of strong financial atoms having constituents that straddle several market sectors (financial atoms 1 and 2 in the HKSE, and financial atoms 4 and 6 in the SGX). The emergence of these strong cross-sector correlations can only be explained by the underlying shareholder profiles, and confluential business interests. For example, in the HKSE financial atom 1, 40.23% of the stake in Cheung Kong is held by Hong Kong business tycoon Li Ka-Shing [43] . Cheung Kong, in turn, owns 49.97% of Hutchison Whampoa's shares. Similarly, the Hong Kong and Shanghai Banking Corporation (HSBC) owns 62.14% of the shares of the Hang Seng Bank, and holds a 42.01% net stake in Sun Hung Kai Properties. These two pairs of stocks have little in common in terms of ownership, and the main reason they are so stronglycorrelated is probably Cheung Kong and Hutchison Whampoa buying over HSBC and Hang Seng's stakes in the e-commerce setup iBusiness on July 27, 2007 [44] . The HKSE financial atom 1 also contains the MTR Corp, a statutory corporation owned by the Hong Kong Government, and China Mobile, a state-owned enterprise of the People's Republic of China. The exact reasons for these two to be strongly correlated with Cheung Kong-Hutchison Whampoa and Hang Seng-Sun Hung Kai Properties are unclear (HSBC has a 0.15% stake in MTR Corp, but this is surely too little to account for the observed correlations). We believe these strong correlations may be related to the perceived competition between China Mobile and Hutchison Whampoa, which has a telecommunications arm, the announcement on April 13, 2006 that the MTR Corp signed an agreement with the Beijing municipal government to build and operate a new Beijing rail line [45] , or the announcement on Nov 28, 2007 that Cheung Kong won a HK$7 billion MTR property project [46] .
Another interesting observation that we would like to highlight, is the finding of more than one strong financial atom for some market sectors in the LSE and TSE. In contrast, we find at most one strong financial atom per market sector in the NYSE. In the LSE, we find a total of four strong financial atoms belonging to the Investment Trusts market sector, whereas in the TSE, we find two strong financial atoms each in the Real Estate, Banks, and Non-Ferrous Metals market sectors. Looking at the example of the LSE financial atoms 4 (Scottish Investment Trust and Witan Investment Trust) and 5 (Monks Investment Trust and Scottish Mortgage Investment Trust), we find that Scottish Investment Trust and Witan Investment Trust have in common ownership by the French holding company AXA, which holds 11.30% and 16.00% stakes in the two investment trusts respectively [43] . The shareholders they have in common also include the Legal and General Gp (4.10% and 4.59% respectively) and Lloyds TSB Gp (2.99% and 0.26% respectively). In contrast, AXA is missing from the lists of larger shareholders for Monks Investment Trust and Scottish Mortgage Investment Trust, which feature instead Barclays (5.99% and 3.61% respectively), as well as Legal and General Gp (3.80% and 3.60% respectively). For the example of the TSE financial atoms 5 and 8, while the ownership makeups tell interesting stories, we believe the main reason for their dynamics to be decoupled is TSE financial atom 5 being made up entirely of large regional banks, with operating revenue less than US$1 billion, while TSE financial atom 8 consists of even larger diversified banks, with operating revenue significantly larger than US$1 billion.
Finally, we note that strong foreign financial atoms are detected in the NYSE and LSE, reflecting their more globalized character, but not in the other three markets. In the LSE, the only strong foreign financial atom (atom 11) consists of two Korean stocks issued by Samsung Electronics. In the NYSE, on the other hand, there are a total of 10 strong foreign financial atoms (the American Depository Receipts (ADR) atoms). In general, foreign financial atoms are smaller compared to the typical local financial atoms. Many of them are also part of strong financial atoms in their home markets. We shall also see later, while LSE atom 11 is weakly correlated with the rest of LSE, that the dynamics of some of the NYSE ADR atoms are strongly coupled to that of many US atoms in the NYSE.
B. Financial Molecules and Molecular Correlation Level
From Figure 2 , we see statistical signatures indicating the presence of higher level self-organization in real financial markets. We refer to self-organized structures one level higher than financial atoms as financial molecules. Just as molecules are made up of atoms, we expect financial molecules to also be composed of financial atoms. Again, we intuitively expect financial atoms in the same financial molecule to be more strongly correlated with each other, compared to financial atoms in different financial molecules. To find these entities, we perform complete-link partial hierarchical clustering of the full correlation matrix -so that all financial atoms will be considered -starting from a given financial atom. We then examine the partial hierarchical clustering history, and look out for sharp changes in the slope of the correlation level as a function of cluster size (see Figure 4) . These occur whenever a financial atom from a different financial molecule is added to the growing cluster by the partial hierarchical clustering procedure. Going over the partial hierarchical clustering histories of all strong financial atoms, we find the correlation levels at which the first non-molecular atom was admitted into the growing clusters to be tightly clustered around a small number of molecular correlation levels. To illustrate the separation of atomic and molecular correlation levels that result from the separation atomic and molecular time scales, we show the average molecular correlation level in Table II, Using sharp changes in the slope of the correlation levelcluster size plots as natural markers for molecular boundaries, we can determine the collections of stocks making up various financial molecules in a given market. A molecular collection of stocks so identified represents part or whole of a financial molecule. In general, we need to examine several such molecular fragments to deduce the complete microscopic makeup of the financial molecule. However, we find this stock-level composition of the financial molecule less useful than its atom-level composition. If one or more stocks from a financial atom is found in any molecular fragment of a financial molecule, we say that the financial atom is a constituent atom of the financial molecule. We call the list of constituent atoms, and their pattern of correlations, the molecular structure of a given financial molecule. Within this atomic caricature of the financial molecule, the molecular fragments are groups of constituent atoms that are more strongly correlated with each other than they are with other constituent atoms. As we shall illustrate below using the SGX financial molecule as example, the molecular fragments that we obtained starting from different constituent atoms, plus and minus some nonatomic stocks, are consistent with the overall correlational structure of the financial molecule. This tells us that financial molecules are robust self-organized features in the dynamics of real financial markets.
Within a financial molecule, all constituent atoms are correlated with each other, but more strongly with some, and less strongly with others. To produce an intuitive picture of the correlational structure within the financial molecule, we draw bonds between financial atoms that are strongly correlated. There is no unique way to do this, but we find the following rules producing rather informative diagrams:
1. area of a financial atom is proportional to the number of stocks it contains;
2. solid circle for strong financial atoms, and dashed circle for weak financial atoms;
3. select a upper correlation level c 1 and lower correlation level c 2 based on the intra-molecular correlations [47] , and draw:
(a) a thick bond between two constituent atoms if their maximum and minimum interatomic correlation exceeds c 1 and c 2 respectively; (b) a thin bond between two constituent atoms if their maximum interatomic correlation exceeds c 1 , but their minimum interatomic correlation is below c 2 ; (c) a dashed bond between two constituent atoms if their maximum interatomic correlation is between c 1 and c 2 ; (d) no bond between two constituent atoms if their maximum interatomic correlation is below c 2 ;
4. if a constituent atom is bonded to other constituent atoms by solid as well as dashed bonds, remove the dashed bonds;
5. shade a constituent atom light gray, if its correlations with non-atomic components exceed c 2 .
Financial Molecules in the SGX and HKSE
In the SGX, we find only one financial molecule, whose composition depends on the level of statistical significance we desire. When we look at the partial hierarchical clustering histories starting from the strong financial atoms 3, 4, or 5, we find two natural molecular boundaries (see bottommost panel in Figure 4 ). Depending on the starting financial atom, the statistically less significant first boundary suggests different lists of constituent atoms: (3, 4, 5, 6, 7, 8) when we start from strong financial atoms 3 and 5, and (3, 4, 7, 8) when we start from strong financial atom 4. From the partial hierarchical clustering history of strong financial atom 6, we identify only one natural molecular boundary, and list of constituent atoms suggested by this sole molecular boundary is (5, 6) . Based on these observations, we conclude that the partial hierarchical clustering procedure finds different parts of the financial molecule if we start from different constituent atoms. These different parts, however, are consistent with the molecular structure of the six-atom financial molecule shown in Figure 5 , which we deduce by taking the union of the different lists of constituent atoms, and drawing bonds based on the rules listed above. Different starting constituent atoms also give us different lists of constituent non-atomic stocks. Again, we take the union of these lists, and find that the constituent non-atomic stocks are most strongly correlated with the financial atoms 3, 4, and 8. Because their strong sub-atomic correlations with multiple financial atoms, we can interpret these constituent non-atomic stocks as 'bonding' stocks. In Figure 5 , we see that this six-atom financial molecule consists of two three-atom clusters, (3, 4, 7) and (5, 6, 8) , connected by a single bond between atoms 3 and 8. Inspection of atomic compositions tells us that the property atom 5, banking atom 6, and shipping atom 8 consist mostly of local companies, whereas the manufacturing atoms 3, 4 and 7 consist only of Chinese companies listed on the SGX or China-related local companies. Most of the non-atomic stocks are also stocks of Chinese or China-related companies. The larger 10-atom financial molecule shown in Figure 6 , suggested by the statistically more significant second boundaries in the partial hierarchical clustering histories of financial atoms 3, 4, and 5, tells an even more intricate story. Apart from the nested sixatom molecular core shown in Figure 5 , we find also the participation of financial atoms 1, 9, 10, and 11. In this larger financial molecule, we find the same basic topology: a cluster of China related atoms {3, 4, 7, 9}, and a cluster of local atoms {1, 5, 6, 8, 11}. Apart from the direct bonding between financial atoms 3 and 8, the two clusters are also bonded indirectly through the weak bonds between atoms 3 and 8 with the TSC atom 10. We believe it is likely that in 2005 or 2006, the two clusters might actually represent two distinct financial molecules, which became increasingly correlated with each other in the period leading up to, and beyond, the end-Feb 2007 market crash known as the Chinese Correction. In the HKSE, we find also a single 13-atom financial molecule shown in Figure 7 . Its molecular structure is considerably more complex than the SGX financial molecule, but we can still make out two molecular cores, {1, 6, 8, 10, 14} and {2, 5, 7, 9}, as well as a group {3, 11, 15, 16} of bridging atoms. Inspection of the atomic compositions within the first molecular core, we realized that {1, 6, 8, 10, 14} are all local atoms, whose constituent stocks are issued by companies based in Hong Kong. Apart from financial atom 14, which is a bank-ing and finance atom, the rest are all property atoms. The second molecular core {2, 5, 7, 9}, on the other hand, contains only Chinese atoms, whose constituent stocks are issued by companies based in China. Unlike the local molecular core, atoms from the Chinese molecular core are from a variety of industries, ranging from banking and finance (2, 9), to oil and energy (7) , to mining and metals (5) . In the bridging group of financial atoms, we find a mix between local and Chinese atoms, primarily from the property market (3, 15, 16) and mining industry (11) . In addition to indirect bonding of the two molecular cores through the bridging group of atoms, we also find strong direct bonds between the local atom 1 and Chinese atoms 2 and 9. The non-atomic stocks are also of mixed local and Chinese origins, representing a mixture of industries. These are strongly correlated with nearly every constituent atom, and can most appropriately be interpreted as a 'valence cloud' of the financial molecule. Unlike the situation in the SGX, many Hong Kong companies have direct business involvements in China, so it is perhaps not surprising to find strong correlations between the local and Chinese molecular cores. However, we believe that prior to 2006, atoms within the two molecular cores probably constitute several distinct financial molecules, whose movements become increasingly intertwined over 2006, culminating in the Chinese Correction of Feb 2007. We also believe that the industry cross section reflected in the HKSE financial molecule will provide important clues to understanding the Chinese Correction.
Financial Molecules in the NYSE, LSE and TSE
For the larger markets, we find more financial molecules, with a variety of sizes and compositions. One of the smallest financial molecule we find in the NYSE consists of the atoms {2, 17, 64} (shown in Figure 8 ). This financial molecule is interesting because the strong financial atoms 2 and 17 are both in the homebuilding market sector, whereas component stocks in the weak financial atom 64 are in the Investment Services and Investment Trusts industries. Seeing that most component stocks in atom 64 got into trouble in 2008, this correlational structure is perhaps a tell-tale sign of the Subprime Crisis. Looking for further signatures of the Subprime Crisis, we found the large 11-atom financial molecule shown in Figure 9 . This financial molecule contains almost exclusively real estate and property related atoms, except for atom 36, which is a mutual funds atom consisting mostly of Cohen & Steers funds. Based on the inter-atomic correlations, as well as correlations between the constituent atoms and constituent nonatomic stocks, we find in this financial molecule a molecular core consisting of the office, retail, residential and industrial real estate investment trust (REIT) atoms 16, 34, 42, 48, 55, and 62. This strongly-correlated molecular core is surrounded by a inner shell of four atoms (36, 60, 76, 90) , bonded directly to atom 16, and an outer shell consisting of atom 74, which is weakly bonded to every atom in the financial molecule. We see here that the mutual funds atom 36 is strongly correlated with the molecular core through atom 16 , who is a provider of specialty engineering and construction contracting services. Because of its unique correlational signatures, the bonds in this molecule are not drawn using the rules described above, but through visual inspection of the actual correlation submatrix elements.
positions, we also see that the four shell REIT atoms are all rather specialized, either in the realty needs of the healthcare, hospitality or outlet mall sectors.
Another large financial molecule we found in the NYSE is the 14-atom oil and gas molecule shown in Figure 10 . All atoms in this molecule contain local stocks, and all except one are in the closely related oil and gas (21, 26, 32, 81) , drilling and exploration (22, 31, 46, 73) , equipment and services (24, 44, 52, 56, 73), refining and marketing (35, 81) industries. The exception is atom 61, which is a coal atom. The topology of this molecule suggests a drilling & exploration and equipment & services molecular core, with very strong internal correlations, coupled strongly to a oil & gas molecular core, with strong internal correlations. Carefully analyzing the correlations this local oil & gas molecule have with other financial atoms in the NYSE, we find that it is strongly correlated with the 17-atom ADR molecule shown in Figure 11 . This ADR molecule consists of three distinct molecular cores. The first is a foreign oil & gas molecular core comprising the ADR atoms 3, 4, and 18. Of these three, the European oil & gas atoms 4 and 18 are the most strongly correlated with each other. The second is a mining molecular core, which consists of the foreign mining atoms 6 and 10, and the US mining atom 40 Figure 9 , the equipment & services atom 73 is weakly bonded to every atom in the dashed envelope. Surprisingly, we find the participation of the coal atom 61 in this oil & gas molecule. funds for and banks in emerging markets. In particular, the linear subcore (49, 71, 77 ) are all fund atoms, while the cyclic subcore consists of Indian (37) and Korean (70) bank atoms. It is through the foreign oil & gas molecular core, and also partially through the mining molecular core, that we find the strongest correlations between the ADR molecule and the US oil & gas molecule. The remainder of the ADR molecule has a rather complex composition, with 15 and 51 being European bank atoms, and 20 (beer), 23 (telecommunications), 58 (steel), 91 (energy) being Brazilian atoms. It is plausible that in the past, these five subclusters might represent five distinct financial molecules that somehow became increasingly correlated in the period leading up to the global financial crisis. (6, 10, 40) , and emerging market funds and banks (37, 49, 70, 71, 77) . The remainder of the molecule comes from two groups of atoms: European banks (15, 51) , and an assortment of Brazilian companies (20, 23, 58, 91) . This multi-sector molecule is exceptional in the NYSE, where we find financial molecules coming from one, or a few closely related market sectors.
In the LSE and TSE, the financial molecules found are generally smaller than those found in the NYSE, and closer in size to the financial molecules found in the HKSE and SGX. For example, the LSE investment trusts financial molecule shown in Figure 12 comprises nine financial atoms, while the TSE heavy industry molecule shown in Figure 13 comprises 12 financial atoms. The structure of the LSE investment trusts molecule is relatively simple, with an inner core consisting of the investment trusts (1, 4, 6, 7) and insurance (12) atoms, and an outer shell consisting of the investment trusts atoms 9, 17, and 19. All non-atomic stocks are from the investment trusts and insurance industries, and the only surprising member of this molecule is the aerospace and defense atom 22. The TSE heavy industry molecule, on the other hand, has a significantly more complex structure, consisting apparently of two molec-ular cores, (6, 25, 33), and (1, 10, 13, 27, 30, 41, 48 ) as well as a group of bridging atoms (42, 45) . Closer inspection, however, reveal a mismatch between the bonding structure and the industry distribution. In this TSE financial molecule, we find three major market sectors: steel, iron and metal mining (6, 10, 13, 25, 33, 41, 48) , wholesale trade and distributing (1, 30), and heavy machineries (41, 42, 45) . It is interesting that the (10, 13, 41, 48) group of metal mining atoms are more strongly correlated with the trading and distributing atom 30, than they are with the main steel and iron group of atoms (6, 25, 33) . This is inspite of the fact that atom 48 consists of mostly steel production stocks. It is also surprising that the heavy machineries atom 27 is more strongly correlated with the wholesale trade atom 1 than it is with the other heavy machineries atoms, 41, 42, and 45. Based on the industry makeup of this financial molecule, it is not surprising to find that its non-atomic stocks are mostly from the steel and heavy machineries market sectors. However, we find it surprising that the non-atomic steel stocks are not strongly correlated with the steel and iron atoms 6, 25, and 33, but with the wholesale trade atom 1, the non-ferrous metal atom 13, and the heavy machineries atoms 27, 42, and 45. (12) atoms, and an outer shell of investment trust atoms (9, 17, 19) . Surprisingly, the aerospace & defense atom 22 is included as a member of this molecule.
While the molecular structures in the LSE and TSE hold some surprises, we find none of the extraordinary correlational structures seen in the NYSE, HKSE, and SGX, which we believe offer insights into such large-scale market events as the Chinese Correction and the Subprime Crisis. We believe that as a general rule, statistical signatures preceding a market crash can only be seen in the market(s) of origin. There should be little, or no symptoms at all, of such market crashes in the other markets that follow the market of origin into decline. (6, 25, 33) , and (1, 10, 13, 27, 30, 41, 48) , as well as a group of bridging atoms (42, 45) . The industries represented in this molecule are: steel, iron and metal mining (6, 10, 13, 25, 33, 41, 48) , wholesale trade and distributing (1, 30), and heavy machineries (41, 42, 45) . Surprisingly, we find that: (i) the (10, 13, 41, 48) of metal mining atoms are more strongly correlated with the trading and distributing atom 30, than they are with the main steel and iron group of atoms (6, 25, 33) , inspite of the fact that atom 48 consists mainly of steel production stocks; (ii) the heavy machineries atom 27 is more strongly correlated with the wholesale trade atom 1 than it is with the other heavy machineries atoms 41, 42, and 45; (iii) the non-atomic stocks are mostly from the steel and heavy machineries sectors, but have stronger correlations with the wholesale trade atom 1, the non-ferrous metal atom 33, and the heavy machineries atom 27, 42, and 45, and not with the steel and iron atoms 6, 25, and 33.
However, because of strong coupling between global financial markets, we believe it might be possible to see statistical signatures of 'aftershocks' that play out simultaneously in all markets after the initial market crash.
C. Financial Supermolecules
In all markets, we find further self-organization at the level of hundreds of stocks. In markets where we find more than one financial molecule (NYSE, LSE, and TSE), these can be interpreted as bound states of financial molecules, and thus we call them financial supermolecules. From a finance point of view, the different market sectors in a developed economy are subjected to differing degrees of regulation, and as such, it is perhaps not surprising to find all stocks within the same market sector to be more correlated with each other, than with stocks from another market sector. This naturally suggests that the dynamics of an entire market sector self-organizes into a financial supermolecule [8, 15, 16, 17] . From the top panel in Figure 14 , we find three natural boundaries for a financial supermolecule in the NYSE, with the second boundary at cluster size of 176 stocks being the most significant statistically. If we analyze the composition of this financial supermolecule, starting from any of the natural boundaries, we find that this supermolecule is primarily the bound state between the US oil & gas molecule (shown in Figure 10 ) and the ADR molecule (shown in Figure 11 ). If we use the third boundary as our definition of the supermolecule, then we find it including other US atoms from the oil & gas (67, 105), steel (50, 95) , emerging market funds (41, 45) , industrial machinery (102), aerospace and defense (89), and construction materials (106) sectors. Most of these peripheral atoms are closely related to the US oil & gas molecule, or to the ADR molecule. From the middle panel in Figure 14 , we find a single, statistically significant, natural boundary for a LSE supermolecule comprising nearly all the financial atoms in the market. This supermolecule is predominantly financials (atoms 1, 3, 4, 6,  7, 9, 12, 13, 14, 17, 19 , many of which are components of the LSE investment trusts molecule shown in Figure 12 ) in character, and the excluded atoms -atom 2 (oil and gas), atom 11 (foreign consumer electronics), atom 15 (foreign oil and gas), and atom 21 (restaurants) -are all from market sectors distant from the finance sector.
Of course, in the TSE, the financial molecules themselves do not respect sector boundaries, probably because of extensive cross-ownership practiced in this market [48] . Therefore, the financial supermolecules do not represent any particular market sector, but represent instead some kind of 'eigen'-trader, which is a collection of institutional and retail traders whose trading strategies are largely mutually reinforcing within the two-year time frame investigated. Different 'eigen'-traders probably have different concentrations in their portfolio of stocks, and are therefore approximately 'orthogonal' in their impacts on the market. We suspect this 'orthogonality' of trading strategies lead to financial supermolecules being only weakly correlated, and thus an emergent supermolecular correlation level that is significantly lower than the molecular correlation levels. From the bottom panel in Figure 14 , we find a natural boundary for a large financial supermolecule in the TSE. This supermolecule incorporates a large fraction of the 52 financial atoms found in the TSE, and the 11 financial atoms that are not incorporated are from the banks (5, 15, 34, 39, 47) , insurance (2), other financing business (7), marine transportation (11, 22) , utilities (24) , and atom 20, which comprises the stocks issued by Toyota and Honda, Japan's largest automobile makers. The exclusion of banks from this TSE supermolecule, however, is limited to regional banks, as atom 8, which comprises large diversified banks, is included in the supermolecule.
In small and less stringently regulated markets like the HKSE and SGX, where we find only a single financial molecule, market sector boundaries are again not statistically meaningful. For these small markets, we again find financial supermolecules consisting of over 100 stocks. These comprises the sole financial molecule, other financial atoms, and various more actively traded non-atomic stocks. The supermolecular correlation level is lower than for the large markets, and the separation of correlation levels is between activelytraded stocks and illiquid stocks. Again, this is the statistical signature left by the 'eigen'-trader, which is the effectively the whole market in these small markets. From Figure 15 , we find one natural boundary for the sole HKSE financial supermolecule, and two natural boundaries for the SGX financial supermolecule. All financial atoms in the HKSE and SGX are found to participate in the respective supermolecules. In fact, all financial atoms in the SGX are already found to included by the first natural boundary, and so the second natural boundary might indicate a further separation of correlation levels caused by different liquidity levels in the market.
III. SUMMARY AND DISCUSSIONS
In conclusion, we considered the phenomenon of separation of dynamical time scales, which arises generically as a result of self-organization in a complex system with a large number of interacting microscopic variables. We described how these separated time scales, and their associated dynamical structures, can be learned statistically, by examining short-time correlational statistics between the microscopic variables over a longer time, and identifying separated correlation levels at the long time scale. Arguing that only robust dynamical structures are physically meaningful, we explained why we need only look out for separated long-time correlation levels that are insensitive to details of the short-time and long-time statistics examined. After recasting the problem of finding a small number of effective variables (the self-organized dynamical structures) from a large number of interacting microscopic variables as a statistical learning problem, we moved on to describe our two-time-scale statistical clustering method. In this method, we would first cluster the time series of the microscopic variables on a short time scale. Thereafter, we would construct a structurally-simple long-time correlation matrix by counting the number of times pairs of microscopic variables are assigned to the same short-time clusters over the long time scale. We then developed the method of partial hierarchical clustering to automatically and systematically extract the separated correlation levels, and their associated collections of microscopic variables, from the long-time correlation matrix.
Using the two-time-scale statistical clustering method to analyze the five equity markets shown in Table I over the two-year period from 2006 to 2007, we found in all markets separated correlation levels that point to self-organization at several hierarchical levels. We call the separated correlation levels atomic, molecular, and supermolecular correlation levels, and the effective dynamical variables they are associated with financial atoms, financial molecules, and financial supermolecules. In all markets, financial atoms are found to consist of around 10 stocks, having internal correlations far above the background correlation level caused by market-level drifts. Some financial atoms are trivial, consisting of two or more stocks issued by the same company, while others have compositions expected of companies competing directly with each other within the same industry. Quite a number of financial atoms, however, consist surprisingly of stocks from very different industries. We find that these surprising atomic compositions can only be explained in terms of the ownership profiles and broader business conflicts and mutual interests of the constituent stocks. In the more globalized NYSE and LSE, we also find foreign atoms, which are part of financial atoms in their home markets.
In the smaller markets (HKSE and SGX), we find a single financial molecule made up of around 10 financial atoms. In the larger markets (NYSE, LSE, and TSE), we find many financial molecules, with sizes ranging from several to around 20 atoms. In the NYSE and LSE, financial molecules comprise atoms from a small number of closely related market sectors, whereas in the TSE, HKSE, and SGX, financial molecules do not respect market sector boundaries, sporting constituent atoms from distant sectors. We suspect that the former reflects the stringent market regulations in place in the NYSE and LSE, while the latter is a consequence of extensive cross-ownership in the TSE, and dominance by a small number of multi-industry holding companies in the HKSE and SGX. In the NYSE and LSE, market sector boundaries continue to be more or less respected by their financial supermolecules, and as such, market sectors can serve as highlevel effective variables for understanding the dynamics in these markets. In contrast, the high-level effective variables in the TSE, HKSE, and SGX are multi-sector financial supermolecules associated with 'eigen' collections of institutional and retail traders with roughly 'orthogonal' market impacts. Close examinations of the correlational structures of the NYSE, HKSE, and SGX financial molecules reveal very interesting signatures of such large market events as the Subprime Crisis and the Chinese Correction. No extraordinary structures were seen in the LSE and TSE financial molecules. This led us to conclude that precursor signatures of large market events can only be detected in their markets of origin.
It is important to point out here that financial atoms and molecules are not merely curiosity items. The robust identification of financial atoms and molecules forms the first step in our program to understand real financial markets. Once the financial atoms and molecules are found, we will use them as effective variables to build effective dynamical models. Under normal market conditions, we will then apply understanding derived from this effective modeling to risk analysis and portfolio management. Portfolio optimization schemes based on the minimal spanning tree analysis of market correlations have been developed [17, 49] , but we believe it is possible to bring the state of the art to a whole new level. For example, we believe current hedging strategies used by large fund managers must be revised, in line with the structures of financial atoms and molecules found in the respective markets. In particular, when designing a portfolio, it is important to observe that fluctuations in the price-weighted mean (the center of mass) of large financial molecules are suppressed relative to market-level fluctuations, because of the combined inertia of all their strongly-correlated constituent stocks. On the other hand, we need to be more careful investing in small financial molecules, because they are 'lighter', and are thus more susceptible to driving by market 'forces'. More importantly, by making trading decisions at the financial molecule level, it is possible to unambiguously decompose the risk any given portfolio is exposed to, into a systematic risk component associated with the effectively deterministic dynamics of the financial molecules, and a stochastic risk component associated with random, unpredictable shocks experienced by the market on a whole. Our findings suggest that the systematic risk can be further reduced by taking into account the effective dynamics of the financial supermolecules.
Our analyses and findings have even more serious implications to understanding and coping with financial crises. As suggested by previous works [50, 51, 52, 53] , and also judging by the intriguing results seen in the NYSE, HKSE, and SGX, we believe a market becomes extremely susceptible to crashes when a significant fraction of stocks gets lock into a single financial supermolecule. If we can determine the critical size of such a market-spanning supermolecule, and also continuously track the sizes of growing supermolecules, we might be able to either forecast the onset of a financial crisis one or two months in advance, or perhaps even avert the crisis entirely. To this end, we are currently looking at the Chinese Correction on a shorter time scale. By tracking the dynamics of financial molecules in the SGX, and the evolution of their molecular structures from month to month over 2006 and 2007, we aim to develop a dynamical picture of bond formation prior to, and bond breaking after the market crash. We believe such a 'chemical' picture will offer important clues to understanding the end-February 2007 Chinese Correction, which probably catalyzed the Subprime Crisis that surfaced a few months later. [1] All transactions through electronic order books are automatically logged, and subsequently incorporated into various highfrequency financial databases. Some over-the-counter (OTC) transactions are also logged, but these do not always make their way into the main databases.
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[2] Downloaded using the MATLAB script http://www.mathworks.com/matlabcentral/fileexchange/18458 written by Josiah Renfree.
[3] In principle, we can sacrifice some statistical significance, and use a shorter long-time window for better temporal resolution. Alternatively, we can work with higher-frequency time series data.
